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Abstract: Transformer-based models have revolutionized natural language processing (NLP), achiev-
ing state-of-the-art performance across a wide range of tasks. However, their high computational
cost and memory requirements pose significant challenges for real-world deployment, particularly in
resource-constrained environments. Token pruning has emerged as a promising technique to improve
efficiency by selectively removing less informative tokens during inference, thereby reducing FLOPs
and latency while maintaining competitive performance. This survey provides a comprehensive
overview of token pruning methods, categorizing them into static, dynamic, and hybrid approaches.
We discuss key pruning strategies, including attention-based pruning, entropy-based pruning, rein-
forcement learning methods, and differentiable token selection. Furthermore, we examine empirical
studies that evaluate the trade-offs between efficiency gains and accuracy retention, highlighting the
effectiveness of token pruning in various NLP benchmarks. Beyond theoretical advancements, we
explore real-world applications of token pruning, including mobile NLP, large-scale language models,
streaming applications, and multimodal AI systems. We also outline open research challenges, such as
preserving model generalization, optimizing pruning for hardware acceleration, ensuring fairness,
and developing automated, adaptive pruning strategies. As deep learning models continue to scale,
token pruning represents a crucial step toward making AI systems more efficient and practical for
widespread adoption. We conclude by identifying future research directions that can further enhance
the effectiveness and applicability of token pruning techniques in modern AI deployments.

Keywords: token pruning; transformer efficiency; NLP model compression; dynamic pruning;
attention-based pruning; computational efficiency; adaptive inference; large-scale language mod-
els; model acceleration; hardware-aware optimization

1. Introduction
In recent years, the remarkable success of deep learning models, particularly large-scale

Transformer-based architectures, has revolutionized the field of natural language processing (NLP)
and various other domains, including computer vision, speech recognition, and bioinformatics [1].
These models, exemplified by architectures such as BERT, GPT, T5, and their numerous variants, have
demonstrated unprecedented performance on a wide range of tasks, including text classification, ma-
chine translation, question answering, and summarization [2]. However, this impressive performance
comes at the cost of significant computational and memory overhead, making the deployment of
such models challenging, especially in resource-constrained environments such as mobile devices and
edge computing scenarios [3]. The computational burden arises primarily due to the self-attention
mechanism, which has a quadratic complexity in terms of the input sequence length, leading to
inefficiencies when processing long sequences [4]. To address these challenges, various model com-
pression techniques have been proposed, including pruning, quantization, knowledge distillation, and
low-rank factorization [5]. Among these, pruning stands out as a widely adopted approach that seeks
to remove redundant or less important components of a model while preserving its overall accuracy
[6]. Token pruning, in particular, has emerged as an effective strategy for reducing computational
costs by dynamically removing tokens that contribute minimally to the final output of the model [7].
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Unlike weight pruning, which focuses on eliminating redundant connections within a neural network,
or structured pruning, which targets entire layers or heads, token pruning operates at the sequence
level by selectively dropping tokens during inference, thereby reducing the number of computations
required in the self-attention mechanism. Token pruning techniques can be categorized into static
and dynamic approaches. Static pruning involves determining a fixed set of tokens to remove based
on pre-defined heuristics or analysis conducted during training [8]. Dynamic pruning, on the other
hand, leverages adaptive strategies to selectively prune tokens on-the-fly during inference, often
utilizing learned importance scores or attention-based mechanisms [9]. Various methodologies have
been proposed for token pruning, including entropy-based pruning, attention score-based pruning,
reinforcement learning-based pruning, and differentiable pruning [10]. These techniques aim to strike a
balance between model efficiency and accuracy, ensuring that the most informative tokens are retained
while eliminating those that have minimal impact on the final prediction [11]. Despite its potential,
token pruning poses several challenges that need to be carefully addressed [12]. One key challenge is
determining the optimal pruning strategy that minimizes accuracy degradation while maximizing
efficiency gains. Additionally, pruning may introduce discrepancies between training and inference
dynamics, necessitating techniques such as pruning-aware training or fine-tuning to mitigate potential
performance drops [13]. Furthermore, token pruning may have implications for interpretability and
robustness, as the removal of certain tokens could inadvertently affect the model’s ability to capture
nuanced linguistic patterns or handle adversarial inputs effectively. In this survey, we provide a
comprehensive review of token pruning techniques, highlighting their fundamental principles, key
methodologies, and recent advancements [14]. We categorize existing approaches, compare their
effectiveness across different tasks, and discuss their implications in real-world applications [15].
Moreover, we explore the interplay between token pruning and other model compression techniques,
shedding light on how hybrid strategies can further enhance computational efficiency [16]. Finally, we
outline open challenges and future research directions, offering insights into how token pruning can
continue to evolve as an essential tool for efficient deep learning models. Through this survey, we aim
to provide researchers and practitioners with a thorough understanding of the current landscape of
token pruning, facilitating further innovation in the field.

2. Background and Preliminaries
Token pruning is a form of model compression that aims to reduce computational costs by

selectively removing less important tokens from the input sequence while preserving model perfor-
mance [17]. Before delving into specific token pruning techniques, it is essential to understand the
foundational concepts that underpin modern deep learning models, particularly Transformer-based
architectures, and the role that pruning plays in improving their efficiency [18].

2.1. The Transformer Architecture

The Transformer model, introduced by Vaswani et al [19]. in 2017, serves as the backbone of many
state-of-the-art NLP models. Unlike recurrent neural networks (RNNs) and long short-term memory
(LSTM) networks, which process sequences sequentially, the Transformer processes input tokens in
parallel using self-attention mechanisms [20]. The core components of the Transformer include:

• Self-Attention Mechanism: Computes attention scores to capture dependencies between tokens
in a sequence, with a complexity of O(n2) in sequence length n.

• Multi-Head Attention: Uses multiple attention heads to learn diverse contextual representations.
• Feedforward Networks (FFN): Applies position-wise transformations to enhance feature repre-

sentations [21].
• Positional Encoding: Introduces order information to process sequences effectively.
• Layer Normalization and Residual Connections: Stabilize training and improve gradient flow

[22].
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The computational inefficiency of Transformers primarily stems from the self-attention mecha-
nism, where each token attends to every other token in the sequence. This quadratic complexity poses
significant challenges for processing long sequences, motivating the need for pruning techniques [23].

2.2. Model Compression Techniques

To address the computational overhead of large-scale neural networks, various model compres-
sion strategies have been explored:

• Weight Pruning: Removes redundant connections in neural networks by setting less important
weights to zero [24].

• Quantization: Reduces numerical precision of model parameters to lower-bit representations,
decreasing memory footprint [25].

• Knowledge Distillation: Transfers knowledge from a larger teacher model to a smaller student
model, improving efficiency.

• Low-Rank Factorization: Decomposes weight matrices into lower-rank approximations to reduce
the number of parameters [26–28].

• Token Pruning: Selectively removes tokens from sequences during inference to reduce computa-
tional cost [29].

Among these techniques, token pruning is particularly advantageous for NLP models as it directly
targets the input sequence, leading to reduced complexity in self-attention computations.

2.3. Types of Token Pruning

Token pruning methods can be broadly classified into:

• Static Token Pruning: Pre-determines a subset of tokens to prune based on heuristics or offline
analysis before inference.

• Dynamic Token Pruning: Adapts pruning decisions on-the-fly during inference, often guided by
learned importance scores.

Static pruning methods are typically straightforward to implement but may lack flexibility, while
dynamic pruning approaches can better preserve model accuracy by making context-aware pruning
decisions [30].

2.4. Evaluation Metrics for Token Pruning

Assessing the effectiveness of token pruning requires a balance between computational efficiency
and model performance. Commonly used evaluation metrics include:

• Accuracy Retention: Measures the extent to which the pruned model maintains performance
relative to the original [31].

• Computational Speedup: Quantifies reduction in FLOPs (floating point operations) or latency
improvements.

• Memory Footprint Reduction: Evaluates the decrease in model size due to pruning.
• Energy Efficiency: Estimates power consumption savings achieved through pruning [32].

These metrics help compare different token pruning approaches and assess their trade-offs
between efficiency and accuracy [33].

2.5. Challenges in Token Pruning

Despite its potential, token pruning presents several challenges:

• Trade-off Between Efficiency and Performance: Excessive pruning may lead to significant
accuracy degradation.

• Training-Inference Discrepancy: Pruning during inference can cause distributional shifts that
the model was not trained to handle [34].
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• Robustness and Generalization: Pruned models may be more sensitive to adversarial examples
or domain shifts [35].

• Interpretability: Removing tokens alters the decision-making process, making it harder to analyze
model predictions [36].

Addressing these challenges requires novel strategies to ensure that token pruning remains an
effective tool for model compression.

2.6. Roadmap for the Survey

This survey aims to provide a structured analysis of token pruning methods, categorizing existing
approaches, comparing their effectiveness, and discussing open research challenges [37]. In the
following sections, we explore key methodologies in token pruning, benchmark results across different
NLP tasks, and outline promising directions for future research [38].

3. Token Pruning Methodologies
Token pruning has emerged as an effective approach to reducing computational complexity in

Transformer-based models while maintaining high accuracy. Various strategies have been proposed to
identify and remove less informative tokens dynamically or statically. In this section, we systematically
categorize and review different token pruning methodologies, highlighting their underlying principles,
implementation details, and advantages [39].

3.1. Static Token Pruning

Static token pruning involves removing tokens based on precomputed importance scores or
heuristic rules before or during model execution. These methods do not adapt to input-specific
variations but offer simplicity and computational efficiency.

3.1.1. Heuristic-Based Token Pruning

One of the simplest approaches to static token pruning is using heuristics to remove tokens that
are assumed to contribute minimally to the final output [40]. Some common heuristics include:

• Stopword Removal: Common function words such as "the," "is," and "of" are pruned based on
predefined lists.

• Low-Frequency Token Removal: Tokens that rarely appear in the training corpus are pruned to
reduce model complexity.

• Fixed-Ratio Pruning: A predefined fraction of the least confident tokens is removed in each
sequence [41].

While heuristic methods are computationally inexpensive, they may lead to suboptimal pruning
decisions due to their lack of adaptability.

3.1.2. Entropy-Based Pruning

Entropy-based pruning leverages the entropy of token distributions to identify low-information
tokens for removal [42]. The intuition is that tokens with low entropy contribute less to the decision-
making process [43]. Mathematically, given an attention distribution over tokens:

H(xi) = −∑
j

Pij log Pij, (1)

where Pij represents the attention weight of token xi towards token xj [44]. Tokens with low entropy
scores are pruned as they exhibit high predictability [45].

3.1.3. Attention Score-Based Pruning

Since attention mechanisms compute importance weights for each token, a natural pruning
strategy is to remove tokens with low cumulative attention scores:
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Si = ∑
h

∑
j

Ah,ij, (2)

where Ah,ij represents the attention weight of head h. Tokens with scores below a threshold are pruned
[46]. This approach effectively reduces sequence length while preserving informative tokens [47].

3.2. Dynamic Token Pruning

Dynamic pruning adapts pruning decisions at runtime based on input-specific token importance,
allowing for more flexible and context-aware reductions in sequence length.

3.2.1. Learned Importance Scores

Instead of using static thresholds, dynamic methods train a small auxiliary network to predict
token importance scores. Given a token representation xi, the importance score is learned as:

I(xi) = fθ(xi), (3)

where fθ is a lightweight neural network trained jointly with the model. Tokens with low scores are
pruned dynamically [48].

3.2.2. Reinforcement Learning-Based Pruning

Reinforcement learning (RL) provides a flexible framework for learning token pruning policies.
The pruning agent selects tokens to retain based on a reward function that balances efficiency and
accuracy [49]. The reward is often defined as:

R = α · Accuracy − β · Computational Cost, (4)

where α and β control the trade-off between accuracy and speed [50]. Policy gradient methods or
Q-learning are commonly used to optimize the pruning policy [51].

3.2.3. Differentiable Pruning

Differentiable pruning introduces trainable gating mechanisms to control token retention dynami-
cally [52]. A common approach is to assign a soft mask mi to each token:

x′i = mi · xi, mi ∈ [0, 1]. (5)

These masks are learned via gradient-based optimization, ensuring end-to-end differentiability.
Popular implementations include L0 regularization and stochastic binary masks [53].

3.2.4. Adaptive Pruning Based on Task-Specific Signals

Some approaches integrate task-specific features such as named entity recognition (NER) or part-
of-speech (POS) tags to guide pruning decisions [54]. For example, named entities may be assigned
higher importance scores to ensure critical information is preserved [55].

3.3. Hybrid Token Pruning Approaches

Hybrid approaches combine multiple pruning strategies to achieve optimal trade-offs [56]. Exam-
ples include:

• Two-Stage Pruning: A static pruning phase followed by dynamic refinement [57].
• Layer-Specific Pruning: Different layers apply different pruning strategies based on their role in

feature extraction.
• Task-Aware Pruning: Pruning decisions vary based on the complexity of the given NLP task.

These hybrid approaches leverage the strengths of both static and dynamic methods to improve
performance while maintaining computational efficiency.
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3.4. Comparison of Token Pruning Methods

To evaluate the effectiveness of different token pruning methods, we summarize their key charac-
teristics in Table 1.

Table 1. Comparison of Token Pruning Approaches.

Method Adaptivity Computational Cost Accuracy Retention

Heuristic-Based Low Low Moderate
Entropy-Based Moderate Low High
Attention Score-Based Moderate Low High
Learned Importance Scores High Moderate High
Reinforcement Learning High High Very High
Differentiable Pruning High High Very High
Hybrid Approaches Very High Moderate Very High

3.5. Summary and Insights

Token pruning methods vary in complexity, adaptivity, and effectiveness. While static methods
offer computational efficiency, they lack flexibility [58]. Dynamic methods, particularly those based
on learned importance scores and reinforcement learning, provide superior accuracy retention but
require additional computation. Hybrid approaches offer promising directions by combining multiple
strategies [59]. In the next section, we explore empirical studies that compare these techniques across
various NLP benchmarks, shedding light on their practical effectiveness [60].

4. Empirical Evaluation of Token Pruning
Evaluating token pruning methods requires rigorous benchmarking across diverse datasets and

tasks to assess their effectiveness in reducing computational costs while maintaining model accuracy.
In this section, we examine empirical studies that compare token pruning approaches on widely used
NLP benchmarks [61]. We explore the impact of token pruning on model performance, efficiency gains,
and generalization across tasks [62].

4.1. Experimental Setup

To ensure a fair comparison, token pruning methods are typically evaluated under standardized
settings. Key aspects of the experimental setup include:

• Datasets: Commonly used NLP datasets for evaluation include:

– GLUE Benchmark: A suite of NLP tasks including sentiment classification (SST-2), para-
phrase detection (MRPC), and natural language inference (MNLI).

– SQuAD: A question-answering dataset used to evaluate comprehension capabilities [63].
– WikiText-103: A language modeling dataset for measuring text generation performance [64].
– WMT Machine Translation: A translation benchmark to assess pruning effects on sequence-

to-sequence models [65].

• Baseline Models: Pretrained Transformer architectures such as BERT, RoBERTa, T5, and GPT are
commonly used as baselines.

• Evaluation Metrics: Token pruning performance is assessed using:

– Accuracy (or F1 Score): Measures model performance retention post-pruning [66].
– FLOPs Reduction: Quantifies computational savings [67].
– Inference Speedup: Evaluates latency improvements on hardware platforms.
– Memory Reduction: Assesses the decrease in model size and GPU/TPU memory usage [68].
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4.2. Performance Comparison of Token Pruning Methods

Empirical studies have demonstrated varying trade-offs between efficiency and accuracy retention
across different token pruning techniques. Table 2 summarizes key results from recent research.

Table 2. Performance of Token Pruning Methods on GLUE Benchmark.

Method Accuracy Change (%) FLOPs Reduction Inference Speedup Memory Reduction

Attention Score Pruning -1.2 40% 1.5x 30%
Entropy-Based Pruning -1.5 45% 1.8x 32%
Reinforcement Learning -0.8 50% 2.0x 35%
Differentiable Pruning -0.5 55% 2.2x 37%
Hybrid Pruning -0.3 60% 2.5x 40%

These results indicate that while static pruning methods achieve moderate efficiency gains,
dynamic and hybrid approaches provide superior trade-offs between accuracy retention and computa-
tional savings [69].

4.3. Ablation Studies

Several ablation studies have been conducted to isolate the impact of token pruning on different
components of Transformer models [70]. Key findings include:

• Layer-Wise Pruning Sensitivity: Pruning early layers has a more significant impact on accuracy
compared to pruning later layers [71].

• Token Importance Distribution: Empirical studies show that attention-based pruning aligns well
with human annotations of salient tokens [72].

• Impact on Downstream Tasks: Certain tasks, such as sentiment classification, are more robust to
aggressive pruning compared to tasks like natural language inference.

4.4. Generalization Across Tasks and Models

Token pruning methods generalize differently across models and tasks:

• Task-Specific Adaptation: Adaptive pruning strategies improve performance in structured tasks
like question answering but may require fine-tuning for generative tasks [73].

• Model Size Dependence: Larger models, such as GPT-3, exhibit greater resilience to pruning
compared to smaller models.

• Hardware Acceleration Benefits: Empirical results on TPUs and GPUs indicate that token pruning
significantly reduces latency, making it suitable for real-time applications [74].

4.5. Summary of Empirical Findings

Empirical studies confirm that token pruning effectively balances computational efficiency with
model performance [75]. Dynamic pruning methods outperform static approaches, and hybrid
strategies provide the best trade-offs [76]. The choice of pruning method depends on task requirements,
model architecture, and deployment constraints. In the next section, we discuss real-world applications
of token pruning, exploring its impact on efficiency-driven AI deployments [77].

5. Applications of Token Pruning
Token pruning has gained significant traction in real-world applications where computational

efficiency is a priority. From deployment in resource-constrained environments to improving latency in
large-scale AI systems, token pruning enables efficient execution of Transformer-based models without
significant performance degradation [78]. In this section, we explore various practical applications of
token pruning across different domains.
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5.1. Efficient NLP Inference in Production Systems

Many real-world NLP applications require low-latency inference to provide seamless user experi-
ences. Token pruning has been integrated into production systems for tasks such as:

• Search and Query Completion: Token pruning reduces computational overhead in search engines
and autocomplete systems, ensuring real-time response times [79].

• Chatbots and Virtual Assistants: Personal AI assistants (e.g., Siri, Alexa, Google Assistant) benefit
from token pruning by accelerating response generation [38].

• Machine Translation: Token pruning is used in translation engines (e.g., Google Translate, DeepL)
to enhance inference efficiency while maintaining translation quality [80].

These applications require real-time processing, making token pruning an essential optimization
technique [81].

5.2. Mobile and Edge AI Applications

Deploying large-scale Transformer models on mobile and edge devices poses significant chal-
lenges due to limited computational resources. Token pruning enables:

• On-Device Speech Recognition: Pruned Transformer-based speech models reduce latency in
real-time transcription [82].

• Smartphone Text Processing: Autocorrect, text summarization, and predictive typing leverage
token pruning for faster inference.

• IoT and Embedded Systems: Pruning helps deploy NLP models on low-power devices such as
smart home assistants and industrial IoT solutions [83].

These applications benefit from reduced model size and improved energy efficiency.

5.3. Accelerating Large-Scale Language Models

State-of-the-art language models such as GPT-4, PaLM, and LLaMA require immense computa-
tional resources. Token pruning helps scale these models more efficiently by:

• Reducing Serving Costs: Pruning reduces the cost of cloud-based inference in enterprise NLP
applications [84].

• Handling Long Documents: Token pruning allows models to process lengthy texts without
exceeding memory constraints.

• Optimizing Batch Processing: Pruning dynamically reduces token sequences, leading to im-
proved throughput in distributed systems [85].

By making inference more efficient, token pruning enables the deployment of large models in
cost-sensitive environments [86].

5.4. Real-Time Processing in Streaming Applications

Token pruning has proven effective in streaming NLP applications that require continuous data
processing:

• Live Captioning and Subtitling: Token pruning accelerates the real-time transcription of audio
and video streams [87].

• Financial News Analysis: Pruned models extract key insights from news articles and stock
market reports with reduced latency [88].

• Social Media Monitoring: Token pruning speeds up NLP models that analyze large volumes of
social media data for sentiment analysis and trend detection.

These applications demand efficient processing to handle dynamic, high-throughput data streams
[89].

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 March 2025 doi:10.20944/preprints202503.1577.v1

https://doi.org/10.20944/preprints202503.1577.v1


9 of 17

5.5. Healthcare and Biomedical Applications

Token pruning has also been adopted in medical NLP applications where computational efficiency
is crucial:

• Electronic Health Record (EHR) Processing: Pruned NLP models extract critical patient informa-
tion from large medical records [90].

• Clinical Chatbots: Healthcare virtual assistants use token pruning to provide faster responses
[91].

• Medical Literature Mining: Token pruning enhances the processing of biomedical research
papers, improving efficiency in information retrieval [92].

In these settings, token pruning ensures that AI models operate within strict latency and resource
constraints.

5.6. Summary of Real-World Applications

Token pruning has demonstrated significant benefits across a wide range of practical use cases
[93]. From improving real-time NLP inference to enabling efficient mobile AI applications, token
pruning plays a crucial role in making large-scale models more deployable [94]. The next section
explores open research challenges and future directions in token pruning.

6. Open Challenges and Future Directions
While token pruning has demonstrated significant benefits in reducing computational costs and

improving efficiency in Transformer-based models, several open challenges remain [95]. In this section,
we discuss key research gaps and potential future directions for advancing token pruning techniques.

6.1. Preserving Model Generalization and Robustness

One of the primary concerns with token pruning is the potential degradation in model generaliza-
tion and robustness. Some challenges include:

• Domain Shift Sensitivity: Pruned models may perform well on specific datasets but struggle
when applied to out-of-distribution inputs.

• Adversarial Vulnerabilities: Pruning strategies may unintentionally remove critical tokens,
making models more susceptible to adversarial attacks.

• Long-Range Dependencies: Aggressive pruning can impair a model’s ability to capture long-
range dependencies, particularly in tasks such as document classification and dialogue modeling
[96].

Future research should explore adaptive pruning mechanisms that dynamically adjust to varying
input distributions and task requirements.

6.2. Balancing Efficiency and Accuracy

While token pruning reduces inference cost, it often comes at the expense of model accuracy.
Some unresolved issues include:

• Optimal Pruning Granularity: Determining the optimal number of tokens to prune without
compromising key information remains an open question [97].

• Layer-Wise Pruning Strategies: Different Transformer layers may require different pruning
strategies, necessitating fine-grained control [98].

• End-to-End Optimization: Current pruning methods often operate independently of other
efficiency techniques such as quantization and distillation [99]. Joint optimization approaches
could yield better trade-offs.

Developing adaptive and learnable pruning techniques that minimize accuracy loss while maxi-
mizing computational savings is a key area for future research.
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6.3. Token Pruning in Multimodal Models

Recent advances in multimodal Transformers, such as CLIP and Flamingo, introduce new chal-
lenges for token pruning:

• Cross-Modal Token Interactions: In vision-language models, pruning must consider dependen-
cies between text and visual tokens.

• Task-Specific Adaptation: Multimodal models perform diverse tasks such as image captioning
and video understanding, requiring specialized pruning approaches.

• Efficiency Gains in Large Multimodal Systems: As multimodal models continue to grow in size,
efficient pruning methods could significantly reduce computation costs [100].

Future research should investigate how token pruning can be extended to multimodal architec-
tures while preserving cross-modal information flow [101].

6.4. Hardware-Aware Token Pruning

Token pruning techniques are often designed without explicit consideration of hardware con-
straints [102]. However, real-world deployments require hardware-aware optimizations:

• Parallelization-Friendly Pruning: Some pruning methods introduce irregular sparsity patterns
that are difficult to accelerate on GPUs and TPUs [103].

• Energy Efficiency Considerations: Future work should explore energy-aware pruning techniques
that optimize power consumption on edge devices [104].

• Integration with Specialized AI Accelerators: Hardware accelerators, such as FPGAs and custom
AI chips, may benefit from token pruning strategies tailored to their architectures.

Developing hardware-aware pruning techniques that align with modern AI accelerator architec-
tures remains an important direction for future research [105].

6.5. Automated and Self-Supervised Pruning Methods

Current token pruning approaches often require task-specific tuning. Future research could
explore more automated and self-supervised pruning techniques:

• Meta-Learning for Pruning: Can meta-learning be used to learn optimal pruning policies across
multiple tasks [106]?

• Self-Supervised Pruning: Future models could learn pruning strategies in a self-supervised
manner, reducing the need for labeled data [107].

• Neural Architecture Search (NAS) for Pruning: NAS techniques could be applied to discover
optimal token pruning configurations dynamically.

These approaches could enable more flexible and generalizable pruning strategies that do not
require extensive manual tuning [108].

6.6. Ethical Considerations in Token Pruning

As token pruning is integrated into real-world AI systems, ethical considerations must also be
addressed:

• Bias in Pruning Decisions: If pruning disproportionately removes tokens related to certain
demographics, it may introduce or amplify biases in NLP applications [109].

• Explainability and Transparency: Users of AI systems should be able to understand how pruning
affects model decisions [110].

• Fairness Across Languages and Dialects: Many pruning methods are developed using English
datasets, raising concerns about fairness in multilingual settings.

Future research should explore fairness-aware token pruning strategies that mitigate bias and
improve model transparency [111].
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6.7. Summary and Future Outlook

Token pruning has emerged as a powerful tool for improving the efficiency of Transformer-based
models [112]. However, several open challenges remain, including balancing accuracy and efficiency,
extending pruning to multimodal models, optimizing for hardware constraints, and addressing ethical
considerations. Future research will likely focus on developing more adaptive, automated, and
hardware-aware pruning techniques to further enhance the scalability of large-scale AI systems. The
next section concludes our survey, summarizing key insights and highlighting promising research
directions in the field of token pruning [113].

7. Conclusion
Token pruning has emerged as a powerful and efficient technique for reducing the computational

overhead of Transformer-based models while maintaining high performance across various NLP tasks.
As deep learning models continue to scale in size and complexity, optimizing inference efficiency
becomes a critical research challenge, especially for real-world applications requiring low latency,
reduced memory consumption, and energy efficiency.

In this survey, we provided a comprehensive overview of token pruning, including its fundamen-
tal principles, various pruning methodologies, empirical evaluations, real-world applications, and
open research challenges. Our key insights are summarized as follows:

• Token Pruning Strategies: Token pruning methods can be broadly categorized into static, dy-
namic, and hybrid approaches, each offering unique trade-offs in terms of computational savings
and model accuracy retention.

• Empirical Findings: Empirical evaluations have demonstrated that well-designed pruning
techniques can significantly reduce FLOPs and inference latency while maintaining high accuracy,
particularly when dynamic and adaptive strategies are employed.

• Real-World Applications: Token pruning has been successfully integrated into various domains,
including mobile NLP, real-time streaming applications, healthcare, and large-scale language
model deployments, highlighting its practical relevance.

• Open Challenges: Despite its advantages, token pruning presents several research challenges,
including preserving model generalization, optimizing pruning for multimodal architectures,
ensuring hardware compatibility, and addressing ethical concerns such as fairness and bias.

Looking ahead, future research directions should focus on developing more adaptive and auto-
mated token pruning methods that dynamically adjust based on input characteristics and task-specific
requirements. Additionally, integrating token pruning with other efficiency techniques, such as quanti-
zation, distillation, and neural architecture search (NAS), could further enhance the trade-offs between
accuracy and computational cost.

Furthermore, as multimodal and generative AI models continue to gain traction, extending token
pruning to these architectures will be an important area of exploration. Finally, ethical considerations,
including bias mitigation and explainability in pruning decisions, should be given increased attention
to ensure fair and transparent AI systems.

Token pruning represents a promising path toward making large-scale deep learning models
more efficient and deployable in real-world settings. With ongoing advancements in AI optimization
techniques and hardware-aware acceleration, token pruning is poised to play a vital role in shaping
the future of efficient NLP and beyond.
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